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It is well known that oceanographic ﬁelds (such as sea surface tem-
perature & chlorophyll) form spatially patchy structures. Understanding
ﬁeld patchiness is an important factor in understanding ecosystem
dynamics, or stability (Martin, 2003). Various processes act to increase
or decrease heterogeneity of oceanographic ﬁelds. The characteristic spa-
tial scales at which these processes happen then determine the ﬁeld
patchiness. These are processes like wind-driven upwelling, mixing by
currents, solar radiation, air–sea surface processes at the sea level such
as evaporation, heat exchange, biological processes, etc. (Abraham,
1998; Currie and Roff, 2006; Gower et al., 1980; Mahadevan and
Campbell, 2002; Mahadevan and Campbell, 2003; Mahadevan, 2004;
Martin, 2003; Strass, 1992). It has been also established (Mahadevan
and Campbell, 2002; Mahadevan and Campbell, 2003; Mahadevan,
2004) that spatial ﬁeld patchiness can be understood in terms of charac-
teristic response times to the processes altering the ﬁeld.
The spatial/temporal heterogeneity can be described at some ﬁxed
scale, but also scale invariant formalisms can be employed. For instance,
one can try to determine how a characteristic heterogeneity parameter
(like variance) changes with the scale ‘ (Mahadevan and Campbell,
2002; Mahadevan and Campbell, 2003; Mahadevan, 2004), or quite
often one can statistically describe the ﬁeld scaling properties by a sim-
ple model, such as a multifractal (Lovejoy et al., 2001; Mandelbrot,
1982; de Montera et al., 2011; Nieves et al., 2007; Seuront et al.,
1996a; Seuront et al., 1996b; Seuront and Lagadeuc, 1997; Seuront
et al., 1999; Skakala and Smyth, 2015).One of the very important practical questions in oceanography is to
evaluate the suitability of in situ measurement networks. Complicated
dynamical and statistical methods are often employed to achieve the
task (Fu et al., 2011; Langland, 2005; McIntosh, 1987; She et al., 2007).
These methods are typically dependent on large amount of data pro-
duced by numerical oceanographic models. One of the key problems is
to determine suitable spacing between observational stations, or what
is called “the representative measurement area”. This is often achieved
by statistical methods such as “effective coverage” (Fu et al., 2011). A
simple method of parametrizing ﬁeld heterogeneity through its scaling
properties could under suitable circumstances provide an alternative
simple and straightforward approach to answer this problem. This is be-
cause the representative scale of measurement can be deﬁned as a scale
at which the heterogeneity parameter, such as standard deviation,
reaches its desired value.
2. Methods
2.1. Theory
It has been observed before (Mahadevan and Campbell, 2002;
Mahadevan and Campbell, 2003; Mahadevan, 2004) that variance of
many oceanographic tracer (ϕ) distributions scales as a power law:
Var ϕ‘ð Þh i ¼ C0  ‘H
0
; ð1Þ
where h Var ðϕ‘Þi is a regional average of ﬁeld variance within the boxes
with area ‘2 and C ' ,H' are two scaling parameters. Mahadevan and
Campbell (2003) and Mahadevan (2004) considered the H' parameter
to be the main indicator of patchiness. Since variance is by deﬁnition
Fig. 1. The SST AVHRR satellite single overpass image from 7/4/2007. The regions analyzed
are marked: (A) Irish Sea I, (B) Irish Sea II, (C) Irish Coast, (D) Celtic Sea I, (E) Bristol
Channel, (F) Celtic Sea II, (G) Cornwall region, (H) English Channel II, (I) English
Channel I.
53J. Skákala, T.J. Smyth / Journal of Marine Systems 158 (2016) 52–58non-negative and (generically) it grows with scale, one has C ' N0 and
H ' N0. The scaling relation (1) can often be seen as a consequence of a
more speciﬁc multifractal scaling. Stochastic multifractal scaling results
from a symmetry of scale-invariance, which is present whenever one
can neglect dimensional constants used in phenomenological theories.
It is perhaps not surprising that the symmetry can be frequently ob-
served in the nature (Mandelbrot, 1982).
In this paper the data scalingwill be ﬁtted by a small modiﬁcation of
Eq. (1):
σ ‘ ≡
σ ϕ‘ð Þh i
ϕh i ¼ C  ‘
H: ð2Þ
The power law (2) deﬁnes σ ‘ as a regionally averaged standard
deviation σ of normalized ﬁeld ϕ within boxes with area ‘2. The ﬁeld
ϕ is normalized by its regional mean value 〈ϕ〉 and scale ‘ is measured
in kilometers. H ,C are again two free parameters that are assumed to
ﬁt the scaling of ϕ. The C parameter determines the characteristic size
of the ﬂuctuations and the H parameter determines how much the
ﬂuctuations can be reduced by “zooming into” smaller spatial regions.
Alternatively, H tells us what proportion of heterogeneity appears at
which scale and the C parameter tells us about what is the overall size
of the heterogeneity. The C ,H ﬁt of the scaling law is obtained from
standard linear interpolation of the Logðσ ‘Þ–Logð‘Þ plot. The accuracy
of the ﬁt can then be estimated through the parameter called standard
coefﬁcient of determination, R2. The coefﬁcient of determination can
be deﬁned as:
R2 ¼ 1
f  vð Þ2
D E
Var vð Þ ; ð3Þ
where f is the value of the ﬁt and v is the value to be ﬁtted. It is clear that
the closer R2 is to 1, means a better linear ﬁt for the data.
To characterize the “overall” patchiness in the region it is suggested
to use the (up-to-L) scale-averaged heterogeneity σ ‘:
σ ‘h i‘ ¼
∫L0 C‘
Hd‘
L
¼ C  L
H
H þ 1 : ð4Þ
Another important used quantity will be ﬂuctuations (in %) of a
value K:
ΔK ≡ 100  1 K
Kh i


 
: ð5Þ
The ΔK parameter is used as a best estimate of both inter- and intra-
annual variability in K; for example if law (2) is usedwith C ,H estimated
by their mean values, ΔC ,ΔH tell us what is the degree of time-
representativity of the characteristic spatial ﬂuctuation size C, as well
as of the scaling proﬁle exponent H.
2.2. Data and analysis
The key purpose of the present analysis is to determine whether
spatial scaling of sea surface temperature (SST) and chlorophyll can
be described by the power law (Eq. (2)). This means one analyzes
scaling of statistically signiﬁcant sample of single overpass imagery
data. If the model deﬁned by the power law ﬁts the data well, the
data heterogeneity is described by the C and H parameters. One can
then ask if, and how, these two parameters change inter- and intra-
seasonally.
The sea surface temperature (SST) and chlorophyll heterogeneity
were analyzed in the shelf sea region near the south-west of UK. It is
bounded by longitudes between−10 and−2; and latitudes between
48 and 53. The region is displayed in Fig. 1. The analysis was based
only on satellite data: for SST the NOAA Advanced Very High ResolutionRadiometer (AVHRR), for chlorophyll Sea-Viewing Wide-Field-of-View
Sensor (SeaWiFS) andModerate Resolution Imaging Spectroradiometer
(MODIS) satellite measured data were used. The single overpass
satellite data are represented by images such as Fig. 1. The data were
obtained from NERC Earth Observation Data Acquisition and Analysis
Service (NEODAAS). They were taken from the period between 1998
and 2009 and NEODAAS also provided annual medians for the same
period.
To start the analysis, one needs to divide the region into suitable
sub-regions with similar intra-regional heterogeneity patterns. This
means that the inter-regional variation in heterogeneity is supposed
to be signiﬁcantly larger than intra-regional. The annual heterogene-
ity patterns were explored and 9 characteristic sub-regions were
chosen as shown in Fig. 1. The regions displayed in Fig. 1 were
named as (A) Irish Sea I, (B) Irish Sea II, (C) Irish Coast, (D) Celtic
Sea I, (E) Bristol Channel region, (F) Celtic Sea II, (G) Cornwall region,
(H) English Channel I and (I) English Channel II region. The Bristol
Channel region was excluded from the chlorophyll data analysis as
large concentrations of sediment in this region are known to
invalidate the remote sensing chlorophyll algorithm (O'Reilly et al.,
1998). For the purpose of the analysis two types of data-sets were
considered: satellite single overpass imagery and annual median
data.2.2.1. Satellite single overpass imagery
Selecting satellite single overpass imagery is always a difﬁcult task
for this region due to the large amount of cloud cover in the images
that leads to data sparsity. This is one of the reasons why one often
resorts in obtaining data via numerical models. From the 1998–2009
period it was possible to collect approximately 120 sufﬁciently
clear scenes for each, SST & chlorophyll. From these images most
of the scenes were suitable for the analysis of only some speciﬁc
selected regions. For each region the number of suitable images was
between 40 and 110. The focus was also on seasonal heterogeneity
patterns, since within the selected regions the seasonal harmonics
were expected to dominate the inter-annual changes (Vantrepotte
and Melin, 2009).
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The annual median data scaling of both SST & chlorophyll was also
analyzed. The annual median data were chosen from the 1998–2009
period. One advantage of annual medians is that there is no problem
with data sparsity. The disadvantage of using annual medians is that a
signiﬁcant amount of heterogeneity is averaged out. However, the
more fundamental heterogeneity patterns survive and it is instructive
to compare how much patchiness is lost in the annual medians, when
compared to scenes.
The scaling analysis is performed by averaging σðϕ‘Þ through
rectangular boxes. σðϕ‘Þ is standard deviation in a box with area
equal to ‘2. The boxes have sides parallel to longitudes and latitudes.
Since the boxes are rectangular, there is one more free parameter: the
ratio of sides parallel to longitudes and latitudes. This ratio is denoted
by r. For each region one ﬁnds rmin that minimizes the scale-averaged
heterogeneity (Eq. (4)) of the data. The rmin value was determined
from the 1998–2009 annual median data for both SST & chlorophyll.
Plots, such as Fig. 2, were used and rmin close to minima to all of the
SST & chlorophyll plotswas found. Such rmin represents natural regional
anisotropy, presumably a consequence of dominant currents in the
region. The data scaling is then analyzed in each region using the rmin
value.
The calculations were performed with the scale increased in each
step by 1%. The minimal “pixel” scale of measurement was 1.1 km and
the minimal scale at which standard deviation was computed was
3 pixels. One further has to establish a maximal scale for the scaling
ﬁt. For each region amaximal scale was established using three criteria:
1. the scale had to be large enough to allow informative analysis, 2. the
scaling of the ﬁeld had to be well approximated by Eq. (2) on the given
number of scales, and 3. one requires consistency of the scales chosen
between SST & chlorophyll and annual median & single overpass data.
The maximal chosen scales were: in English Channel II and Celtic Sea
II scale of 75 km, in Irish Sea I and Celtic Sea I scale of 65 km, in Bristol
Channel, Cornwall and Irish Coast region scale of 45 km and in Irish
Sea II region scale of 40 km.
Once the dependence of σ on the size of the box ‘ is obtained, one
ﬁts by the linear regression the dependence of Log(σ) on Logð‘Þ. If the
error of the linear regression (measured by the R2 parameter, see the
Eq. (3)) is low, the power law scaling (2) is conﬁrmed. The linear re-
gression then provides us automatically with the H and ln(C) scaling
parameters.Fig. 2. The scale averaged variance hσ ‘i‘ as a function of r parameter. (r is the ratio of box
sides parallel to longitudes and latitudes.) The plot shown is chlorophyll 1999 annual
median data from Irish Sea I region. The x axis on the plot shows log(r) since logarithm
maps 0brb1 and rN1 cases are equally spaced on both sides of the axis.Note, that if ‘ is the scale in pixels, then ‘2 is meant to be the number
of pixels included in each box. However, there could always be boxes
with less pixels than ‘2. The ﬁrst reason for this is that a box can contain
land and one does not include land pixels in the analysis. The second
reason is that froma geometrical point of view, dividing bounded region
into boxes all with the same size, would allow only limited number of
discrete scales. The solution was to also include boxes with less pixels
than ‘2, but they were included with a proportionally lower weight; a
weight proportional to the number of pixels in the box that contribute
to the calculation. The boxes with a lower number of pixels than ‘2 in-
troduce some error in the analysis. The number of such boxes is larger
if the image contains less data (i.e. due to cloud cover). Only images
where the number of such boxes increased by less than 50% were
considered.
Besides scaling analysis, the ﬂuctuations (Eq. (5)) and scale-
averaged heterogeneity (Eq. (4)) were explored. The upper bound of
scale-averaging L was the lowest maximal scale of the ﬁt, which was
the 40-km scale.
3. Results
The rmin anisotropy parameter that minimizes the scale-averaged
heterogeneity of the data was determined. For 1/6≤r≤6 and both SST
& chlorophyll, scale averaged heterogeneity varied with r within
~10% -66% (depending on year and region). An example of how
scale-averaged heterogeneity depends on the r parameter is shown in
Fig. 2 (chlorophyll, Irish Sea I, 1999). For each region an optimal rmin
parameter was found; rmin that corresponds to natural anisotropy of
the region. In English Channel regions (I and II) and Irish Coast region
rmin=1.49, in Cornwall region and the Celtic Sea II region rmin=1.22,
in Bristol Channel rmin=1.11, in Irish Sea II and Celtic Sea I regions
rmin=1 and in Irish Sea I region rmin=0.74.
Using the rmin values the scaling of the single overpass satellite
imagery for chlorophyll and SST was explored. It was observed that
the scaling of both SST & chlorophyll is well approximated on the
relevant number of scales by the power law (Eq. (2)). This means
that the coefﬁcient of determination R2 was generically N0.99. As
an example of this Figs. 3 and 4 were selected. The same scaling
relation (power law 2) was conﬁrmed for annual median data. This
is shown in Fig. 5.
The median C ,H parameters of the overpass imagery are shown in
Table 1 (chlorophyll) and Table 2 (SST). One can observe that the scalingFig. 3. The Log–Log plot of σ ‘ deﬁned by Eq. (2) as a function of scale. The plot is for Irish
Sea I region and single MODIS overpass imagery of chlorophyll from 2/6/2009.
Fig. 4. The Log–Log plot ofσ ‘ deﬁned by Eq. (2) as a function of scale. The plot is for English
Channel II region and single AVHRR overpass imagery of SST from 1/7/2008.
Table 1
The chlorophyll median H ,C coefﬁcients from the single overpass imagery data. The table
shows also characteristic ﬂuctuations and scale averaged heterogeneity (in %) compared
to the most heterogeneous region (Irish Coast).
Region H C×103 ΔH ΔC hσ ‘ireg‘ =hσ ‘iIC‘
English Ch. I 0.603 36.65 4.65% 21.75% 31.1%
English Ch. II 0.595 35.44 11.43% 39.81% 30.65%
Cornwall 0.6 85.71 7.87% 41.15% 75.73%
Irish Sea I 0.592 40.68 7.61% 28.55% 37.59%
Irish Sea II 0.546 65.47 9.29% 33.93% 54.38%
Irish Coast 0.603 104.35 10.46% 46.98% –
Celtic Sea I 0.573 34.76 10.18% 30.7% 30.05%
Celtic Sea II 0.515 35.41 9.09% 31.04% 24.17%
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chlorophyll, or SST, with almost insigniﬁcant differences between dif-
ferent regions. Roughly the same values are also obtained for the annual
median data (see Table 3). This means that the scaling proﬁle of the
oceanographic ﬁelds seems to have a universal character.
As anticipated, the situation changes when it comes to the (charac-
teristic) size of the ﬁeld ﬂuctuations (the C parameter). Tables 1 and 2
show that the chlorophyll ﬂuctuations are more than one order of mag-
nitude larger than the SST ﬂuctuations. Also the inter-regional differ-
ences in chlorophyll ﬂuctuations are much larger than in the case of
SST. The most heterogeneous region (Irish Coast) is four times as het-
erogeneous as the least heterogeneous region (Celtic Sea II). The largest
heterogeneity was observable in the coastal regions: Cornwall Coast,
Irish Sea II and Irish Coast (see Table 1).
We analyzed the seasonal variability in ﬂuctuations of SST & chloro-
phyll. The inter-seasonal changes are signiﬁcant only for chlorophyll, as
can be seen in Figs. A.6 and A.7 in the Appendix A. The largest ﬂuctua-
tions in chlorophyll concentrations were observed in spring and sum-
mer, with the smallest ﬂuctuations in winter. The spring chlorophyll
heterogeneity ( hσ ‘i from the Eq. (4)) is generally more than twoFig. 5. The Log–Log plot ofσ ‘ deﬁned by Eq. (2) as a function of scale. The plot is for Celtic
Sea II region and annual median SST data from 2003.times larger than the winter heterogeneity (see Fig. A.6). The seasonal
C and H coefﬁcients can be found in Tables A.5 and A.4 in the
Appendix A. Furthermore, the heterogeneity of the annual median
data was compared to the heterogeneity of the overpass imagery. Sig-
niﬁcant differences between the heterogeneity of the overpasses and
the heterogeneity of the annual datawere observed only for chlorophyll
and can be found in Table 3. The scale averaged heterogeneity of chloro-
phyll annual medians is, depending on the region, 50%–90% from the
overpass imagery heterogeneity (see Table 3).4. Summary
The universal features of the scaling proﬁle (H exponent) of both,
SST and chlorophyll, are not surprising, as the scaling is affected by
roughly the same oceanographic drivers (turbulent ﬂow, bathymetry
etc.) that do not signiﬁcantly change in the explored shelf sea area
(Skakala and Smyth, 2015). The larger values of chlorophyll ﬂuctuations
(by more than an order of magnitude) can also be anticipated and have
been observed, and explained, in the literature (Mahadevan and
Campbell, 2002; Mahadevan and Campbell, 2003; Mahadevan, 2004).
The larger inter-seasonal and inter-regional ﬂuctuations of chlorophyll
can be attributed to the biological activity (bloom) and the abundance
of chlorophyll near the coastline.
The importance of this study lies mostly in the simple and effective
quantitative parametrization of chlorophyll & SST patchiness, which
can be used to determine the representative scales of measurement.
This paper is a practically oriented study and it provides a complemen-
tary analysis to a detailed study of SST and chlorophyll universal
multifractal properties from (Skakala and Smyth, 2015). It is shown
here that by describing regional heterogeneity through the σ ‘ parame-
ter (Eq. (2)), there are a large number of scales (~3-50 km) on which
the scaling of chlorophyll & SST satellite scenes can be approximated
by a power law (2). Furthermore, for SST (and largely also for chloro-
phyll) the regional scaling (H ,C) parameters evolve relatively little
with time. This study therefore concludes that the scaling exponent HTable 2
The SST median H ,C coefﬁcients from the single overpass imagery data. The table shows
also characteristic ﬂuctuations and scale averaged heterogeneity (in %) compared to the
most heterogeneous region (Irish Sea II).
Region H C×103 ΔH ΔC hσ ‘ireg‘ =hσ ‘iISII‘
English Ch. I 0.529 2.69 10.44% 15.29% 62.31%
English Ch. II 0.545 2.08 7.01% 14.08% 48.74%
Cornwall 0.522 3.3 9.38% 13.92% 66.83%
Irish Sea I 0.575 2.97 11.29% 17.18% 77.89%
Irish Sea II 0.606 3.78 15.42% 24.56% –
Irish Coast 0.475 3.52 15.07% 17.47% 65.83%
Celtic Sea I 0.494 2.49 11.35% 19.9% 53.27%
Celtic Sea II 0.414 2.92 11.82% 23.33% 47.24%
Bristol Ch 0.52 3.04 10.76% 20.02% 70.35%
Table 3
The chlorophyll annual median data scaling: period 1998–2004 medians H ,C.
Region H C×103 ΔH ΔC hσ ‘iann‘ =hσ ‘iover‘
English Ch. I 0.577 28.94 2.85% 9.97% 78.6%
English Ch. II 0.426 21.9 9.87% 19.59% 90.86%
Cornwall reg. 0.571 52.06 4.84% 7.01% 57.61%
Irish Sea I 0.603 25.69 3.81% 6.91% 62.27%
Irish Sea II 0.513 42.49 10.01% 9.75% 55.05%
Irish Coast 0.559 62.07 4.06% 11.13% 49.99%
Celtic Sea I 0.535 19.97 8.52% 12.35% 48.92%
Celtic Sea II 0.364 26.96 4.93% 12.85% 49.83%
Table A.5
The seasonal median H coefﬁcients for chlorophyll from single overpass imagery.
Region H winter H spring H summer H autumn
English Ch. I 0.639 0.605 0.588 0.593
English Ch. II 0.578 0.603 0.593 –
Cornwall reg. 0.628 0.604 0.625 0.549
Irish Sea I 0.542 0.598 0.602 –
Irish Sea II 0.486 0.557 0.592 0.583
Irish Coast 0.657 0.557 0.627 0.65
Celtic Sea I 0.522 0.567 0.577 –
Celtic Sea II 0.491 0.532 0.511 0.468
Fig. A.6. Chlorophyll scale averaged heterogeneity hσ ‘i as a function of annual season (the
x axis are months). Shown for 5 regions: Irish Coast (black), Cornwall Coast (blue), Irish
Sea II (yellow), Celtic Sea (green) and English Channel I (red).
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describe the regional SST/chlorophyll patchiness.
The SST & chlorophyll heterogeneity scales serve as indicators of the
scales of regional physical (SST) and biological (chlorophyll) activity.
Therefore it is suggested that the values of those parameters can be uti-
lized in determining the representative measurement area. If an in situ
measurement network is established, then Eq. (2) can be interpreted
as describing the effectiveness of the network as a function of its
“cost”. If one demands a certain level of representativeness of the in
situ network, one calculates from Eq. (2) the scale ‘ that corresponds
to the required representativeness. The optimal spacing between mea-
surement devices (or measurements) is then given by the scale ‘. Fur-
thermore, the network might not be necessarily isotropic, but the
optimal anisotropy of the network (difference between spacing along
longitudes and latitudes) will be determined by rmin. Conversely, if
one is resource-limited, then one can calculate from Eq. (2) what repre-
sentativeness one can achievewith these limited resources. Examples of
networks calculated using the results from this paper are shown in
Figs. A.8 and A.9 (Appendix A).
Also the annual median data analysis can serve the purpose of
determining the representative measurement area. If one is interested
in measuring ﬁelds with the purpose of determining their annual me-
dians, the representative measurement area used for such a purpose
will be signiﬁcantly larger as for the time-series data, and this could signif-
icantly reduce costs of measurements. As done previously, it is suggested
that one calculates the representativemeasurement area from the Eq. (2),
but with H ,C parameters obtained from the annual median data.
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Appendix A. Tables and ﬁguresTable A.4
The seasonal median C coefﬁcients for chlorophyll from single overpass imagery.
Region C×103 C×103 C×103 C×103
Winter Spring Summer Autumn
English Ch. I 25.34 43.27 40.71 31.53
English Ch. II 14.71 39.43 42.26 –
Cornwall reg. 40.62 101.76 97.1 77.38
Irish Sea I 27.79 51.35 43.41 –
Irish Sea II 40.37 93.05 76.8 55.02
Irish Coast 43.38 150.59 154.35 77.35
Celtic Sea I 28.55 50.69 34.05 –
Celtic Sea II 22.17 41.26 38.67 48.4
Fig. A.7. SST scale averaged heterogeneity hσ ‘i as a function of annual season (the x axis
are months). Shown for 5 regions: Irish Coast (black), Cornwall Coast (blue), Irish Sea II
(yellow), Celtic Sea (green) and English Channel I (red).
Fig. A.8. A measurement station network corresponding to anisotropies and representative scales of measurement in different regions. Calculated for σ ‘ ¼ 0:015 and SST.
Fig. A.9. Ameasurement station network corresponding to anisotropies and representative scales of measurement in different regions. Calculated forσ ‘ ¼ 0:4 and chlorophyll. Note that
Bristol Channel region was for chlorophyll excluded from the analysis.
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